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Abstract
This study examines the relative importance of liquidity risk for
the time-series and cross-section of stock returns in the UK. We pro-
pose a simple way to capture the multidimensionality of illiquidity. Our
analysis indicates that existing illiquidity measures have considerable
asset speciﬁc components, which justiﬁes our new approach. Further,
we use an alternative test of the Amihud (2002) measure and paramet-
ric and non-parametric methods to investigate whether liquidity risk
is priced in the UK. We ﬁnd that the inclusion of the illiquidity factor
in the capital asset pricing model plays a signiﬁcant role in explaining
the cross-sectional variation in stock returns, in particular with the
Fama-French three-factor model. Further, using Hansen-Jagannathan
non-parametric bounds, we ﬁnd that the illiquidity-augmented capital
asset pricing models yield a small distance error, other non-liquidity
based models fail to yield economically plausible distance values. Our
ﬁndings have important implications for managing the liquidity risk of
equity portfolios.
Keywords: Asset pricing models; Multiple illiquidity measures;
Hansen-Jagannathan test.
JEL Classiﬁcation: E21; G12; G14; G15
∗E-mail:jc309@hw.ac.uk.We would like to thank Mustafa Caglayan for his constructive
comments and suggestions. We are grateful to delegates in 2015 MFA Annual Conference
in Chicago, BAFA 50th Annual Conference at London School of Economics as well as
Recent Developments in Money, Macroeconomics & Finance Workshop at the University
of Warwick. All remaining errors are ours.
†Corresponding author. Tel: +44 (0) 131 451 3681. E-mail: m.sherif@hw.ac.uk.
1. Introduction
The role of liquidity in asset pricing has grown rapidly over the past few
years. A variety of studies have proposed diﬀerent illiquidity measures as
proxies for illiquidity by investors. However, although researchers are able
to test whether the stock returns are statistically related to their illiquidity
measures, their results generate conﬂicting impacts over stock returns. In
other words, despite the increasing interest in the role of liquidity in equity
markets in general, and asset pricing in particular, a universal deﬁnition for
liquidity remains elusive, and the basic question of how to measure liquidity
remains unsolved.1 For example, Hasbrouck (2002) and Goyenko, Holden,
and Trzcinka (2009) ﬁnd that the measures are of a diﬀerent quality them-
selves. They ﬁnd that diﬀerent measures have conﬂicting impact on stock
returns: Amihud’s price to volume measure is reported to have signiﬁcant
impact on stock returns but Pastor and Stambaugh’s gamma is tested to
have very little impact. In fact, if the empirical results are based solely on
one particular measure, it is diﬃcult to ascertain whether the results are
driven by measure-speciﬁc components or by some common components of
the measured illiquidity. Therefore, it is important to reconcile the conﬂict
by collapsing all existing measures into one measure. Given the fact that
strong evidence against the reliability of a single illiquidity measure exists,
in this paper we adopt not only individual measures, but also construct a
comprehensive illiquidity proxy. This illiquidity proxy is used across seven
diﬀerent measures and examines whether the pricing of liquidity risks varies
amongst these measures. In particular, we adopt illiquidity measures intro-
duced by Amihud (2002), Stambaugh (2003), zero-return measures proposed
by Lesmond, Ogden, and Trzcinka (1999) and Liu (2006), Roll’s (1984) ef-
fective bid-ask spread measure (Roll, 1984), the price-based spread measure
of Corwin and Schultz (2012) and the eﬀective tick measure from Goyenko
et al. (2009). Consistent with Korajczyk and Sadka (2008) and Kim and
Lee (2014), we ﬁnd around 33% of the variation in illiquidity proxies is
explained by the ﬁrst principal component, which further suggests that sys-
tematic common components exist in illiquidity measures.
Our study contributes to understanding of the seemingly contradictory
eﬀects of illiquidity on asset pricing in several ways. It is generally the case
that recent researchers have focused on new factors that contribute to tra-
1Liquidity is a broad and elusive concept that generally denotes the ability to trade
large quantities quickly, at low cost, and without moving the price. Financial literature
indicates that rational investors who think they hold shares in exchange for lower returns
with higher degree of liquidity they claim.
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ditional asset pricing models. Indeed, Fama and French (2015) propose a
brand new ﬁve-factor model while adopting indirect factor to denote liquid-
ity. In contrast, in our approach we use UK data and examine the price
of the common systematic components of illiquidity. There are indeed dif-
ferences between the UK and the US environment in terms of trading and
market structure. In the UK, all trading takes place on the London Stock
Exchange (LSE) whereas in the US stocks are traded primarily on the Nas-
daq and NYSE. In the US, trading on Nasdaq is based on order book driven
while the NYSE uses a hybrid system. In the case of the UK, trading on
the LSE is a mix of order book driven (SETS) and a hybrid quote/order
book driven system. Furthermore, the UK is a bank-based system, which
is more vulnerable to liquidity crunches than capital market-based system
(US) because the ﬁrst-order risk is bank solvency and the level of risk lies
with ﬁnancial institutions (Hardie and Maxﬁeld, 2010). Since most studies
on illiquidity premium and expected stock returns are predominantly based
on US data, in this paper we seek to investigate if diﬀerences in market struc-
ture and liquidity characteristics of a country will lead to diﬀerent results
(Foran, Hutchinson, and O’Sullivan, 2014; Huang and Stoll, 2001). In this
paper, we deﬁne ‘illiquidity factor’ as the spread return of equal-weighted
portfolios P10-P1. These portfolios are constructed on the basis of the
ﬁrst principal component of the ﬁrst seven illiquidity measures. Further,
rather than the conventional parametric tests of asset pricing models, we
use Hansen-Jagannathan distance to examine non-parametrically the level
of errors associated with the liquidity capital asset pricing model (LCAPM).
This helps shed light on these errors as an indication on the eﬃciency of the
models.
This paper aims to provide answers to a number of questions. Firstly,
based on existing illiquidity measures, is there a single illiquidity proxy that
can signiﬁcantly outperform other proxies with robust illiquidity premiums
in asset pricing models in the UK? Secondly, does liquidity commonality ex-
ist in the UK? Thirdly, which liquidity-adjusted asset pricing model explains
stock returns in the UK? Finally, do the results vary between parametric
and non-parametric tests?
The remainder of the paper is set out as follows. Section 2 provides a
brief review of the literature on the illiquidity framework. Section 3 provides
details of the methodology and models we used to answer our questions.
Section 4 presents the data and variable construction. Section 5 presents
the empirical results and section 6 concludes.
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2. Literature Review
What kinds of risk systematically drive stock prices? This question
has prompted vast amounts of research and continues to exist as one of the
main challenges in ﬁnance. The Sharpe-Lintner CAPM (1964) was the ﬁrst
attempt to answer this question by quantifying the risk which is attributable
to general market ﬂuctuations (Sharpe, 1964).
Yet, although the Sharpe-Lintner CAPM provides a theoretical frame-
work to explain stock returns, the ability of the model to describe asset re-
turns is weak. Indeed doubts regarding the empirical validity of the model
are well established and it is both frequently rejected by data and also
known to ignore some well documented anomalies, see inter alia (Black,
1972; Fama and MacBeth, 1973; Gibbons, 1982; Hyde and Sherif, 2005;
Stambaugh, 1982). Traditional tests of the CAPM assume that the market
portfolio is observable, expected returns are constant, and that assets’ betas
are stationary over a ﬁxed period. Further, it measures risk by beta, which
is a consequence of its questionable assumption of the existence of an equi-
librium in which investors display mean-variance behaviour and requires the
distribution of stock returns to be symmetrical.
The failure of the Sharpe-Lintner CAPM to capture the behaviour of the
data and to measure a stock’s or a portfolio’s volatility has led to a number
of diﬀerent approaches that have attempted to address the limitations of the
model. For instance, the three-factor model Fama and French (1993) and
the Carhart (1997) model have received signiﬁcant attention in empirical
research. Whilst Fama and French (1993) demonstrate that asset prices are
inﬂuenced not only by market systematic risk, but also the size and value
factors, Carhart (1997) argues that momentum is an important risk factor
which has not been priced in assets.
Recently, much attention has been given to market friction and in par-
ticular it has been widely argued that liquidity, see inter alia (Amihud,
2002; Bekaert, Harvey, and Lundblad, 2007; Chan and Faﬀ, 2005; Chor-
dia, Roll, and Subrahmanyam, 2001; Goyenko, Holden, and Trzcinka, 2009;
Hasbrouck, 2002; Liu, 2006; Stambaugh, 2003), appears to be a suitable
candidate for a priced state variable. For example, Lillo, Farmer, and Man-
tegna (2002) suggest that liquidity ﬂuctuation is a permanent market im-
pact. However, Bouchaud, Kockelkoren, and Potters (2006) argue that the
impact power is transient and will decay in time. In fact, liquidity is of-
ten viewed as an important feature of the investment environment and the
macro economy, and recent studies ﬁnd that ﬂuctuations in various mea-
sures of liquidity are correlated across assets. Furthermore, the importance
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of liquidity on security returns has been conﬁrmed by numerous previous
empirical studies, which have thus established liquidity as a key considera-
tion in investment decisions.
Nevertheless, using liquidity-based explanations are not straightfor-
ward. A diﬃculty in testing the liquidity-based explanation lies in the fact
that stock liquidity is subjective concept and is very hard to measure. How-
ever, whilst liquidity is an elusive concept, most market participants agree
that liquidity generally reﬂects the ability to buy or sell suﬃcient quanti-
ties quickly, at low trading cost, and without impacting the market price
too much. Consequently, a vast number of measures have been used to ap-
proximate the extent to which a stock is illiquid or liquid. The ﬁrst set
of illiquidity measures have been based on stock daily returns or trading
volume. Amihud (2002) proposes a simple and intuitive illiquidity measure,
which is deﬁned as the absolute daily return divided by daily trading volume.
Acharya and Pedersen (2005) use the illiquidity proxy of Amihud (2002) and
ﬁnd evidence to support the model in the US market over the period 1962-
1999. Elsewhere, Stambaugh (2003) have proposed a illiquidity measure
called ’price sensitivity to order ﬂow’, which is based on return reversal due
to heavy trading volume. Another illiquidity proxy is the turnover mea-
sured by daily share trading volume divided by the number of total shares
outstanding.
The second set of illiquidity indicators are based exclusively on returns
and provide a simple way of obtaining illiquidity proxy. For example, Liu
(2006) proposes a trading volume-adjusted zero return measure and shows
that the illiquidity measured by the proposed indicator is in fact priced in
as far as the US market is concerned. It is worth noting that the zero return
indicator is a number of zero return days scaled by the total available trading
days in a given period. This measure indicates that on a day when trading
cost is high, informed traders would not trade, resulting in zero return on
that day. This measure is especially reliable in international ﬁnance research,
as a high quality daily trading volume is not guaranteed (Bekaert et al., 2007;
Lee, 2011). In addition, Lesmond et al. (1999) also propose a illiquidity
measure based solely on daily returns. It was shown to be signiﬁcantly
correlated with the spread data and is used to show the illusionary aspect
of momentum trading (Lesmond, Schill, and Zhou, 2004).
The third set of measures is based on return correlation, eﬀective tick,
and eﬀective spread. Roll (1984) and Goyenko et al. (2009) suggest a proxy
of spread based on the serial correlation of daily returns and eﬀective spread.
Also, in a recent study, Das and Hanouna (2010) create a measure of illiq-
uidity based on ‘run length’, which totals the consecutive series of positive
4
and negative daily returns before the sign reverses. The authors further
highlight that this particular illiquidity measure acts as a proxy for price
impact.
2.1. Illiquidity Measures
Much literature suggests a number of proxies for illiquidity that are
used as time-series conditioning variables. However, there are no agreed or
ﬁnal measures, and researchers have not yet reached an agreement regarding
the optimal illiquidity proxy. In recent studies, Liu (2009) examine seven
individual illiquidity measures. According to their ﬁndings, some proxies
perform better than others in asset pricing models, which shows a more sig-
niﬁcant and robust illiquid premium. However, their results remain incon-
clusive regarding the most suitable illiquidity proxy. Arguably, a possible
solution to ﬁnd a suitable illiquidity proxy is an alternative method that
extracts commonality of illiquidity risk. Indeed, recent researchers have
implemented multiple illiquidity measures to gauge the robustness of their
results. For example, Korajczyk and Sadka (2008) adopted multiple prox-
ies and found that the illiquidity commonality exists among their measures.
Similarly, Kim and Lee (2014) further found that the systematic common
component of illiquidity measures risk in the US.
In this study we complement such approaches and add to the ﬁeld by
testing illiquidity individually. We form a composite index of illiquidity
based on the common variation of a number of proxies for illiquidity, includ-
ing turnover ratio, reversal measure of illiquidity, trading volume, bid-ask
spread, eﬀective spread, and number of zero return days.
1 Return/Value Ratio (Amihud, 2002)
The ﬁrst illiquidity measure is the return to volume ratio proposed by
Amihud (2002) to estimate illiquidity of stocks. This measure has been
widely used in empirical literature because of its easiness of construction
(Acharya and Pedersen, 2005).However, it is so far not clear that Amihud’s
measure would be priced, due to the compensation for price impact in com-
parison to other proxies which is something that requires further investiga-
tion.
Amihud deﬁnes illiquidity of stock i in time t as:
RVi ≡ ILLIQit =
1
Daysit
Daysit∑
d=1
|Rit|
V it
(1)
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where Rit is the return on day d in month t, V
i
t is the dollar volume (in
millions) on day d in month t, and Daysit is the number of valid observation
days in month t for stock i. In particular, V it in this paper represents GB
pound sterling (hereafter referred to as pound) volume (in millions) for the
UK.
2 Reversal Measure of illiquidity (Stambaugh, 2003)
The reversal measure of illiquidity has been advocated by Stambaugh
(2003). This measure reﬂects the return reversal after trading: the larger
the volume, the larger the return reversal, and the larger the cost. Yet,
one drawback of this measure is that it is time consuming in a real-time
estimation. The measure is identiﬁed as:
ri,d+1,t − rM,d+1,t = αi,t + βi,tri,d,t + γi,tsign(ri,d,t − rM,d,t)dvoli,d,t + i,d,t. (2)
where ri,d+1,t is the return on stock i of day d at month t, rM,d+1,t is the
market return (FTSE-All share value-weighted index return) on day d at
month t, and dvoli,d,t is the pound trading volume (in million-pound unit).
γi,t is the coeﬃcient of signed pound trading volume.
3 Zero Return (Lesmond et al., 1999)
Intuitively, when trading cost is higher than the beneﬁt of trading, ra-
tional investors would choose not to trade (Lesmond et al., 1999). Therefore,
we observe zero return for such days in this case. This measure is reported to
be popular in international ﬁnance research, especially in emerging markets,
where high-quality daily trading volume data are not available.
Lesmond et al. (1999) propose the zero return (ZR) illiquidity measure:
ZRi,t =
Ni,t
Tt
(3)
where Tt is the number of trading days at time t ; Ni,t is the number of
zero-return days of stock i in time t.
4 Turnover-Adjusted Zero-Return (Liu, 2006)
ZR measures can potentially lead to the same level of illiquidity for
several stocks in multiple periods. In this case, Liu (2006) further proposed
a turnover-adjusted zero-return measure, which is identiﬁed as:
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LMxi,t =
{
NZ +
1
TVx
DF
}
× 21x
Nx
(4)
where NZ is the number of zero-volume days in the previous x month; TVx
is the turnover over the previous x month, which is calculated as the sum
of daily trading volume divided by the number of shares outstanding; Nx
is the number of trading days in previous x months and DF is a deﬂator.
Based on Liu (2006), we adopt the LM12 measure, which is based on the
previous twelve months’ data. Therefore, x is equal to twelve and we use
the deﬂator of 11,000 as proposed by Liu (2006).
5 Bid-Ask Spread (Corwin and Schultz, 2012)
Amongst all of the proxies mentioned above, the bid-ask spread mea-
sure, in particular, has received extensive recognition by researchers. The
data are widely available in real time and this measure can be calculated
very quickly. However, the bid and ask quotes remain current only for a
limited time periods. This is because the spread only measures the cost
of executing a single trade of a certain size which requires complementary
studies of other measures.
In a recent study, Corwin and Schultz (2012) developed the illiquidity
measure from the ratio of daily high and low prices, excluding the volatility
component. They deﬁne the spread estimator as:
S =
2(ek − 1)
1 + ek
(5)
where K is identiﬁed as:
K =
(√
2E{∑1j=0[ln(PHt+jPLi+t )]2} −
√
E{∑1j=0[ln(PHt+jPLi+t )]2})
(3− 2√2) −
√√√√√ [ln(PHt,t+1PLt,t+1 )]2
(3− 2√2) (6)
where PHt and P
L
t are the high and low stock price at day t. Our monthly
illiquidity measure CS is identiﬁed as the average daily estimated spread s
in time t.
6 Bid-Ask Spread (Roll, 1984)
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Roll (1984) proposes the eﬀective spread based on the bid-ask spread:
ROi,t = 2
√
−COV (Ri,d, Ri,d−1,t) (7)
where R i,d is the return of trading day d in month t and R i,d-1,t is the
return of the previous trading day in the same month.
To make the possibility of positive covariance, we impose absolute values
as suggested by (Lesmond, 2005). Consequently, in our study, Roll’s measure
is deﬁned as:
ROi,t = 2
√
|COV (Ri,d, Ri,d−1,t)| (8)
7 Eﬀective Tick (ET)(Goyenko et al., 2009)
Finally, we employ the eﬀective tick (ET) measure advocated by Goyenko
et al. (2009). This measure is argued to be the simplest measure for all
eﬀective spreads. It is identiﬁed as:
ET =
∑1
j=1 γjSj
P¯k
(9)
We obtain Sj by using the decimal grid, which is an approach similar
to that of the dollar grid proposed by Hagstro¨mer, Hansson, and Nilsson
(2011). In this case, the possible spreads are at £0.01, £0.05, £0.1, £0.2,
£0.5 and £1. P¯k is the average daily prices in month k, and γj is deﬁned as:
γˆj =
{
Min[Max{Uj , 0}, 1] j = 1
Min[Max{Uj , 0}, 1−
∑j−1
k=1 γˆk], j = 2, 3, ..., j
}
(10)
Based on
Uj =
⎧⎨⎩
2Fj j = 1
2Fj − Fj−1, j = 2, 3, ..., j − 1
Fj − Fj−1 j = j
⎫⎬⎭ (11)
where
FJ =
Nj∑j
j=1Nj
for j = 1, 2, J.
Nj is the number of trades on prices to the j spread using positive
volume days.
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3. Models & Methodology
3.1. Models
The analysis in this paper is based on the following standard capital
asset pricing model:
Rpt −Rft = αp + βp,MKTMKTt + εpt (12)
where Rpt is the return of portfolio p in month t, R
f
t is the risk-free rate
for month t, MKTt, calculated as (RMt −Rft ) is the excess market portfolio
return in month t and εpt is the error term.
We also base our calculations in light of the fact that the Fama and
French (1993) three-factor model is identiﬁed as:
Rpt −Rft = αp + βp,MKTMKTt + βp,SMBSMBt
+βp,HMLHMLt + ε
p
t
(13)
where SMBt stands for size factor and HMLt is the value factor for time t.
Carhart (1997) further incorporated the momentum factor into the
model as:
Rpt −Rft = αp + βp,MKTMKTt + βp,SMBSMBt
+βp,HMLHMLt + βp,MOMMOMt + ε
p
t
(14)
where MOMt is the momentum factor.
In this paper, we incorporate illiquidity risk factor and apply the ﬁve
factor model as:
Rpt −Rft = αp + βp,MKTMKTt + βp,SMBSMBt
+βp,HMLHMLt + βp,MOMMOMt + βp,LLt + ε
p
t
(15)
where Lt is the illiquidity factor.
3.2. Methodology
3.2.1. Principal Components Analysis (PCA)
Principal Component Analysis (PCA) is a powerful tool for analysing
data as it has the ability when the data is in the form of a linear combination
of optimally-weighted observed variables (Abdi and Williams, 2010). For a
9
given stock, we construct a correlation matrix of seven illiquidity measures
and calculate the eigenvalue and eigen vector of the matrix. To compute
scores on the ﬁrst component extracted in a principal component analysis,
the following model is employed:
COMP1 = β1(X1) + β2(X2) + β1P (XP ) (16)
Or, in matrix notation:
COMP1 = βT1 X
where COMP1 is the subject’s score on principal component 1; β1(X1) is
the regression coeﬃcient for the observed variable p, as used in creating
the principal component 1; and Xp is the subject’s score on the observed
variable p.
The ﬁrst principal component is calculated such that it accounts for the
greatest possible variance in the data set. Clearly, it would be possible to
make the variance of COMP1 as wide as possible by choosing large values
for the weights β11, β12, ... β1p. To prevent this, weights are calculated
with the constraint that their sum of squares is 1.
β211 + β
2
12 + β
2
13 + ...+ β
2
1p = 1 (17)
The second principal component is calculated in the same way, with
the condition that it is uncorrelated with the ﬁrst principal component and
that it accounts for the next highest possible variance.
COMP2 = β21(X1) + β22(X2) + β2P (XP ) (18)
The calculation continues until a total of p principal components equal
to the original number of variables has been generated. At this point, the
sum of the variances of all of the principal components will equal the sum
of the variances of all of the variables-that is, all of the original information
has been explained.
3.2.2. Generalized Method OFMoment (GMM) & Fama and Mac-
Beth (1973)
In our study we construct ten portfolios on the basis of common illiq-
uidity and then test the joint signiﬁcance of the ten portfolios’ α(s). To
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reduce heteroscedasticity and serial correlation problems, we estimate the
α(s) using the systematic GMM. 2 For CAPM, we deﬁne rxt to be the 10 ×
1 vector that contains excess returns of the ten portfolios, β0 is the 10 × 1
vector for the constants, B = [βMKT ] is the 10 × 1 matrix of portfolios’
return sensitivities to market and Ft = [MKTt] is the 1×1 vector containing
realisations of the factor. The standard CAPM can be identiﬁed as:
rxt = β0 +BFt + εt (19)
To evaluate the model ﬁt we use Hansen’s J-test for over-identifying
restrictions. The J-test provides a statistical test in cases where the moment
conditions for a given model are signiﬁcantly diﬀerent from zero.
For the Fama-French three-factor model, B = [βMKT ;βSMB;βHML] is
the 10× 3 matrix of portfolios’ return sensitivities to market, size and value
factor and Ft = [MKTt;SMBt;HMLt] is the 3×1 vector. Similarly, in the
Carhart four-factor model, B = [βMKT ;βSMB;βHML;βMOM ] is the 10 × 4
matrix and Ft = [MKTt;SMBt;HMLt, βMOM ] is the 4× 1 vector.
We next perform the Fama and MacBeth (1973) two framework regres-
sions to test the cross-sectional evidence of illiquidity factor in asset pricing
models. When analysing cross-sectional data, the use of Fama-MacBeth
regression has a number of advantages. First, it accommodates the dy-
namic explanatory variables. For the Fama-MacBeth regression the betas
are estimated for a time period preceding the cross-section date which al-
lows for time varying diﬀerences in the explanatory variables, whereas in
other regressions, these variables are averaged out over the sample period
and may lead to the loss of valuable information. Second, by running the
cross-sectional regression and calculating what the standard errors are, they
will then correct for cross-sectional correlations within the panel (Cochrane,
2001). Finally, the regression can also be extended to accommodate for ad-
ditional risk features, beyond the beta (Campbell, Lo, MacKinlay, et al.,
1997), and this is often useful if there are more risk factors to adhere to.
The ﬁrst step of the Fama-MacBeth regression involves the estimation
of betas after time-series regressions of the excess returns. Therefore, the
illiquidity-augmented ﬁve-factor model becomes:
Rpt −Rft = αp + βp,MKTMKTt + βp,SMBSMBt+
βp,HMLHMLt + βp,MOMMOMt + βp,LLt + ε
p
t
(20)
2The OLS ﬁndings are available for readers upon request.
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where Rpt is the portfolio return p at time t, R
f
t is the monthly risk-free rate
in month t, and MKT, SMB, HML, MOM and L are market return, size,
value, momentum and illiquidity factors.
According to the same steps as previous studies, the ﬁrst step of the
regression estimates the time-series factors for each of the ten portfolios using
36 months rolling windows of 240 monthly observations. The second step
estimates monthly cross-sectional regressions of the ten portfolio’s excess
returns on the betas that are estimated in the ﬁrst step. Thus the model is
identiﬁed as:
Rpt −Rft = λ0 + λMKT βˆp,MKT + λSMBβˆp,SMB+
λHMLβˆp,HML + λMOM βˆp,MOM + λLβˆp,L + ω
p
t
(21)
where λ are the risk premium parameters with each beta. The hypothesis
here is that the time-series average of the estimated coeﬃcient λL is positive
and statistically signiﬁcant. This can be interpreted as showing the evidence
that the illiquidity risk factor is priced.
3.2.3. Hansen-Jagannathan Distance
Rather than using formal statistical tests of identiﬁcation and over-
identiﬁcation restrictions (statistical importance), it is possible to examine
the model performance (economic importance) instead. The HJ distance
measure is the mean square distance between the ﬁtted values (mˆ) and
the actual value m∗. The HJ minimum distance can then be presented
as: E(mˆ−m∗), where the expectations are estimated in practice using the
sample averages. Since
m−m∗ = E[m(π)X − 1]′E(XX ′)−1X
The minimum distance is given by:[
E
(
m
(
π
)
X
)
− 1
]′
E
(
XX
′)−1[
E
(
m
(
π
)
X
)
− 1
]
(22)
Let
g =
[
E(m(π)X)− 1]
and
W = E(XX
′
)−1
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Then the minimum distance equals
g′Wg
which is the Hansen J -test with a particular W.
Hansen and Jagannathan suggest comparing the pricing errors associ-
ated with the models in question by choosing each model’s parameters θ to
minimise the quadratic form:
hHJt ≡ g
′
T
(
θ
)
W−1T gT
(
θ
)
(23)
where gT (θ) is the sample average of pricing errors and W
−1 is the sample
second moment matrix of the N asset returns upon which the models are
evaluated.
4. Data and Variable Construction
The data adopted in this study is monthly data and spans the period
1990-2012. The initial sample comprises the whole population of ﬁrms listed
on the FTSE All-Share obtained from Thomson DataStream.3
For each index, we extract data including trading volume (turnover
by volume); market value (share price multiplied by the number of ordinary
shares in issue); return index (a theoretical growth in value of a share-holding
over a speciﬁed period); and closing price. At the end of each month, the
total number of shares outstanding, the return index, and the market value
are obtained. Market to book value (market value of common equity divided
by the balance sheet value of common equity in the company) is collected
on an annual basis. We use the UK treasury bills 3-month yield rate as the
risk free rate.
For the estimation of factor-asset pricing models, we construct size,
value, and momentum risk factors. As for size, we sort all stocks based
on their market capitalizations at month t-1 with a ﬁlter rule of 30% for
portfolio formation. In other words, the value-weighted top 30% of stocks are
allocated to the Big-size portfolio, whereas the value-weighted bottom 30%
stocks are assigned to the Small-size portfolio. Therefore, the size (SMB)
return is the diﬀerence between the returns of the small-size portfolio and
the big-size portfolios at time t. Similarly to traditional empirical studies
3To avoid survivor-ship bias, this analysis covers not only presently listed stocks but
also dead stocks. Dead stocks refer to those of ﬁrms that were de-listed at some point
during our sample period.
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applied in the UK market, we identify the value factor (HML) by obtaining
the spread between monthly returns of the MSCI Value and MSCI Growth
indices (Cuthbertson, Nitzsche, and O’Sullivan, 2008; Florackis, Gregoriou,
and Kostakis, 2011).
For the momentum factor, we rank all stocks at month t-1 based on
their returns from month t-13 to t-2. The equally-weighted top 30% of
stocks are Winners and the bottom 30% are Losers. Thus the diﬀerence
between monthly returns of Winner and Loser portfolios at time t is taken
as the momentum factor (MOM)(Jegadeesh and Titman, 1993).
5. Empirical Results
We begin our analysis with the persistence of market illiquidity, as
investors request a premium for bearing illiquidity only when the illiquidity
shock is systematic and persistent (Acharya and Pedersen, 2005; Korajczyk
and Sadka, 2008; Lee, 2011; Stambaugh, 2003). Table 1 reports the average
monthly percentage returns, illiquidity, and other features for ten equally-
weighted size portfolios. These are rebalanced each year based on the total
market value of each stock at the end of the previous year. The existing
literature reports a higher illiquidity with smaller stocks (Amihud, 2002;
Amihud and Mendelson, 1986).
INSERT Table 1 here
As seen in Table 1, illiquidity is generally higher for small stocks (RV=4.6209;
PS=0.1118) than it is for large stocks (RV=0.0012; PS=0.0001). A similar
pattern is also shown for LM, RO, and ET. The returns are higher for small
stocks and we observe higher volatility for small stocks based on standard
deviation. In line with Stambaugh (2003), Acharya and Pedersen (2005)
and Korajczyk and Sadka (2008), we ﬁnd that the equally-weighted aver-
age of stock illiquidity is highly persistent. Given the persistence of market
illiquidity, similarly to Stambaugh (2003)and Acharya and Pedersen (2005),
we construct the illiquidity innovations through AR(2) as follows:
CM,t
MVM,t−1
MVM,1
= α0+α1CM,t−1
MVM,t−1
MVM,1
+α2CM,t−2
MVM,t−1
MVM,1
+μm,t (24)
where CM,t is the market aggregate illiquidity at month t ; and the residual
μm,t is the illiquidity innovation. Notably, we scale PS and RV by the ratio
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of the total market value by the end of the month t-1 to that in January
1990; MVM,t−1MVM,1 . This is in order to include only innovations in illiquidity, not
the changes in time value of money. For other illiquidity measures, however,
we apply the general AR(2) regressions to ﬁnd innovations:
CM,t = α0 + α1CM,t−1 + α2CM,t−2 + μm,t (25)
The coeﬃcients α1 and α2 are both signiﬁcant. Further, the residuals
do not display any serial correlation. Hence, we claim that μm,t accurately
represents market illiquidity.4
Figure 1 shows the time-series plots of market aggregate illiquidity inno-
vations for each measure and provides evidence that illiquidity innovations
generally coincide with liquidity events in the timeline such as the Iraq in-
vasion of Kuwait in 1990, the Asian crisis in 1997, the long term capital
management crisis in 1998, and the ﬁnancial crisis from 2007 to 2009. The
fact that all seven measures jointly constitute liquidity-related events sug-
gests the possibility that the individual proxy shares a common component
of illiquidity.
INSERT Figure 1 here
In Table 2 We report the correlations between market illiquidity proxies
to examine whether illiquidity measures have a common component. We
observe signiﬁcant Pearson correlation tests in many cases. It measures the
strength of the linear relationship between normally distributed variables.
The highest correlation of 0.356 is shown between RV and RO and the lowest
value among positive and signiﬁcant correlations is 0.113 between ET and
RV. However, RO is negatively correlated with most of the other measures
in Table 2. The results imply that our illiquidity proxies, somehow, have
systematic common components of illiquidity and this in turn justiﬁes the
use of the principal component analysis.
Next we use the principal component analysis to extract the common
components of the seven illiquidity measures. As shown in Figure 2, the
bar graph indicates the plot of the average eigenvalue proportions of seven
principal components, as well as the plot of the cumulative proportions in
the corresponding line graph. We ﬁnd that the ﬁrst principal component
explains 33% of the whole variation over the seven illiquidity measures,
4Not reported but available from authors upon request.
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which is coincidentally similar to ﬁndings reported in Korajczyk and Sadka
(2008) and Kim and Lee (2014).
INSERT Table 2 and Figure 2 here
Table 3 reports the descriptive statistics of illiquid portfolio perfor-
mances from February 1990 to December 2012. We construct decile portfo-
lios using the ﬁrst principal component of illiquidity. In particular, at the
end of month t-1, stocks are organised according to their ﬁrst principal com-
ponent extracted from the seven illiquid measures. Portfolio 1 (P1 ) includes
stocks with the smallest ratio, whilst Portfolio 10 (P10 ) contains stocks with
the highest values of illiquidity ratio and this excess return is only calcu-
lated for for both P1 and P10. Portfolios are rebalanced on a monthly basis.
Our empirical ﬁndings suggest that the average portfolio return increases
from P1 to P10, though not monotonically. This pattern holds for equally
weighted portfolios’ returns but not for value weighted portfolios’ returns.
The level of this diﬀerential is about 16% per annum (t=2.896) for equally
weighted portfolio returns. We also ﬁnd no strong relationship between com-
mon illiquidity and market capitalization, nor do we ﬁnd a clear correlation
between common illiquidity and book to market ratio. Such results may
have occurred due to our focus exclusively on the ﬁrst principal component
of the illiquidity measures. Nevertheless, certain features may continue to
appear as measure-speciﬁc.5 However, our common illiquidity component
clearly captures the change of the average βCAPM associated with stocks,
calculated by using a 36-month rolling window. The higher the illiquidity of
the portfolio, the higher the beta we observe. The diﬀerential between P10
versus P1 beta is 0.287 (t=8.933).
INSERT Table 3 here
Time-series Evidence of Risk-adjusted Returns
Table 4 presents the alphas of the value-weighted and equal-weighted port-
folios sorted by the common component of the seven illiquidity ratios. For
the principal component sorted equally-weighted portfolios, we ﬁnd that
5Individual measure results are not reported but may be obtained upon request.
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Jensen’s alpha has generally increased across portfolios. Notably, most of the
alphas across the portfolios (P1-P5) are with negative signs. Interestingly,
P10 has the highest and most signiﬁcant alpha (CAPM) of 12.408%. Sim-
ilar patterns hold for the Fama-French three-factor model and the Carhart
four-factor model (α = 6.703% and 8.480%) respectively. This suggests that
portfolio returns increase with illiquidity. The last column presents the χ2
statistic of the Wald test. The null hypothesis is that the alphas of the ten
portfolios are jointly equal to zero. We fail to reject the null hypothesis. It
is also worth noting that there is no certain pattern as we move from P1 to
P10 and there are also insigniﬁcant premiums for value-weighted portfolios.
This suggests that illiquidity premiums may be subject to the size factor.
However, the χ2 of the Wald test provides strong evidence against the null
hypothesis.
INSERT Table 4 here
Cross-sectional Evidences
As a robustness test, we further investigate the performance of the LCAPM
in explaining the cross-section variations in stock returns.
Table 5 presents the estimated λ coeﬃcients for the ten equally-weighted
portfolios, and sorting is done based on the common component of illiquidity
ratio in the UK. Panel A of Table 5 reports the unrestricted model with any
value of λ0. The augmented illiquidity in Panel A is based on the ﬁrst prin-
cipal component. Our ﬁndings are supportive of the illiquidity augmented
CAPM and the Fama-French model, as these speciﬁcations produce statis-
tically positive, signiﬁcant and economically sensible coeﬃcients (premium
λL), thereby oﬀering a more valuable explanation of the data.
The estimated coeﬃcient λL associated with CAPM and Fama-French
(FF) models are signiﬁcantly positive (λLCAPM=5.76 and λLFF=5.19) re-
spectively, but the coeﬃcient λL is insigniﬁcantly positive at (λLCARH=10.4)
for the liquidity-augmented Carhart model. The penultimate column in
Panel A reports the R2 coeﬃcients, and the last column reports the increase
in R2 coeﬃcients after adding the illiquidity factor to the original models.
The results show a good explanatory power, as theR2 has increased across
all models, R2= 0.041, 0.021 and 0.035 for CAPM, FF and Carhart models
respectively. In PanelB of Table 5, we present the estimated λ coeﬃcients
from the second framework cross-sectional regression of Fama-MacBeth. We
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restrict λ0 to be zero. The results yield similar ﬁndings as those in Panel A
of Table 5, indicating strong and statistically signiﬁcant coeﬃcients for the
liquidity-augmented CAPM and Fama-French model.
INSERT Table 5 and Figure 3 here
As mentioned above (section 3), there are many reasonable measures
that can be used to test the model speciﬁcation. In section 3 we studied one
of these measures which depends on a non-parametric function, the Hansen J
test. However, Summers (1991) and Cochrane and Hansen (1992) claim that
the GMM approach J test focuses too much on the speciﬁcation of the model,
and has too little focus on evaluating the accuracy of the underlying model.
They argue that an increased focus on the accuracy of the model would
help both reﬂect the purpose of understanding diﬀerent types of behaviour
and improve the ability of the model to make diﬀerent types of predictions.
To account for this criticism, we implement two alternatives advocated by
Hansen and Jagannathan (1997) to assess the performance of the models.
Panel C of table 5 shows the robustness results of the Hansen-Jagannathan
distance tests both with and without the illiquidity factor. We report both
the principal component as of illiquidity. With the principal component illiq-
uidity factor, we ﬁnd that the error decreases from 0.304 to 0.198 and from
0.330 to 0.177 for the CAPM and Fama-French three-factor model respec-
tively. Figure 4 also details the distance on the Hansen-Jaganthan bound,
suggesting a signiﬁcant empirical improvement for the liquidity Capital asset
pricing models.
INSERT Figure 4 here
Robustness Tests
In table 2, we report negative correlations of the RO measure with many
other illiquidity measures, i.e. ‘Pastor and Stambaugh’s gamma’, ‘Corwin
and Schultz’s spread’ and the ‘eﬀective tick’. Such results indicate that the
RO measure might diﬀer more from other existing proxies. Therefore, we
apply the robustness tests by removing the RO and estimate the new single
illiquidity measure constructed by the principal component analysis. We
report both parametric and non-parametric results in table 6.
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INSERT Table 6 here
Similar to our main ﬁndings, the new single illiquidity measure that is
constructed by using the common component of the six illiquidity measures
excluding RO proxy performs meaningful results. As for the parametric
Fama-MacBeth estimations, we report positive and signiﬁcant coeﬃcient
λL for CAPM and Fama-French models (λLCAPM=6.423 and λLFF=7.331).
The coeﬃcient λL is still insigniﬁcantly positive at (λLCARH=5.657 for the
illiquidity-augmented Carhart model. The results show a slightly better
explanatory power, but not a signiﬁcant change in results as the R2 has
increased across all models, R2= 0.071, 0.075 and 0.042 for CAPM, FF
and Carhart models respectively. Panel C reports the results of Hansen-
Jagannathan Distance using the new illiquidity measure generated from six
illiquidity measures. The error decreases from 0.142 to 0.139, from 0.604
to 0.073, and from 0.619 to 0.168 for the CAPM, Fama-French three-factor
model and Carhart four-factor model respectively. This implies that after
they are augmented with illiquidity factor, the empirical asset pricing models
signiﬁcantly improve their pricing powers.
6. Conclusion
This paper examined the performance of the standard Sharpe-Lintner
CAPM, the Fama-French three factor model (Fama and French, 1993), and
the four factor model of Carhart (1997)both with, and without, the ﬁrst
component of multiple illiquidity measures. Further, the ability of the cap-
ital asset pricing models (CAPMs) to explain asset returns using solely in-
dividual illiquidity measures was also analysed. We used monthly UK data
between 1990 and 2012.
Our initial investigation suggests that no individual ililquidity proxy
out- performs the others, and further that our illiquidity proxies have a
systematic common illiquidity component. Hence, we used the principal
component analysis. According to the results of this analysis, the fact that
seven measures jointly indicate liquidity-related events further suggests the
possibility that the individual proxies share a common component of illiq-
uidity. In addition, the correlations between market illiquidity proxies were
considered in order to examine whether illiquidity measures share have a
common component. Similarly to studies by Korajczyk and Sadka (2008)
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and Kim and Lee (2014), the ﬁndings indicate that the ﬁrst principal compo-
nent explains 33% of the whole variation over the seven illiquidity measures
in the UK. For illiquid portfolio and model performance, our ﬁndings are
supportive of the illiquidity augmented CAPM and Fama-French model par-
ticularly with the portfolio of stocks with the highest illiquidity ratios P10.
These speciﬁcations produce statistically positive, signiﬁcant and econom-
ically coeﬃcient estimates. For the non-parametric tests, we ﬁnd that the
illiquidity-augmented CAPM and Fama-French three-factor model yield a
very small distance. These ﬁndings are supportive of the liquidity speciﬁca-
tion of the capital asset pricing models. Other non-liquidity CAPM models
fail to yield economically plausible parameter values.
These ﬁndings have important implications for academic research into
liquidity risk and for practical liquidity risk management alike. We con-
tribute to the literature on liquidity risk by investigating the determinants of
cross-sectional stock returns during liquidity crises. In addition, we analyse
liquidity risk from a practical risk management standpoint. We show that
abnormal stock performance during liquidity crises is, in part, predictable,
and investors can construct portfolios of stocks that better withstand liq-
uidity shocks. However, our results suggest that liquidity risk management
comes at a cost of lower average returns during periods of relatively stable
liquidity conditions.
Future research could investigate whether expected returns are related
to stocks’ sensitivities to ﬂuctuations in other aspects of aggregate liquidity.
It would also be useful to explore whether some form of systematic liquidity
risk is priced in other ﬁnancial markets, such as ﬁxed income markets or
international equity markets.
20
References
Abdi, H., Williams, L. J., 2010. Principal component analysis. Wiley Inter-
disciplinary Reviews: Computational Statistics 2 (4), 433–459.
Acharya, V. V., Pedersen, L. H., 2005. Asset pricing with liquidity risk.
Journal of Financial Economics 77 (2), 375–410.
Amihud, Y., 2002. Illiquidity and stock returns: Cross-section and time-
series eﬀects. Journal of ﬁnancial markets 5 (1), 31–56.
Amihud, Y., Mendelson, H., 1986. Asset pricing and the bid-ask spread.
Journal of Financial Economics 17 (2), 223–249.
Bekaert, G., Harvey, C. R., Lundblad, C., 2007. Liquidity and expected
returns: Lessons from emerging markets. Review of Financial Studies
20 (6), 1783–1831.
Black, F., 1972. Capital market equilibrium with restricted borrowing. Jour-
nal of Business, 444–455.
Bouchaud, J.-P., Kockelkoren, J., Potters, M., 2006. Random walks, liquid-
ity molasses and critical response in ﬁnancial markets. Quantitative
Finance 6 (02), 115–123.
Campbell, J. Y., Lo, A. W.-C., MacKinlay, A. C., et al., 1997. The economet-
rics of ﬁnancial markets. Vol. 2. princeton University press Princeton,
NJ.
Carhart, M. M., 1997. On persistence in mutual fund performance. The
Journal of Finance 52 (1), 57–82.
Chan, H. W., Faﬀ, R. W., 2005. Asset pricing and the illiquidity premium.
The Financial Review 40 (4), 429–458.
Chordia, T., Roll, R., Subrahmanyam, A., 2001. Market liquidity and trad-
ing activity. Journal of Finance, 501–530.
Cochrane, J. H., 2001. A rehabilitation of stochastic discount factor method-
ology. Tech. rep., National Bureau of Economic Research.
Cochrane, J. H., Hansen, L. P., 1992. Asset pricing explorations for macroe-
conomics. In: NBER Macroeconomics Annual 1992, Volume 7. MIT
Press, pp. 115–182.
Corwin, S. A., Schultz, P., 2012. A simple way to estimate bid-ask spreads
from daily high and low prices. The Journal of Finance 67 (2), 719–760.
Cuthbertson, K., Nitzsche, D., O’Sullivan, N., 2008. Uk mutual fund perfor-
mance: Skill or luck? Journal of Empirical Finance 15 (4), 613–634.
Das, S. R., Hanouna, P., 2010. Run lengths and liquidity. Annals of Opera-
tions Research 176 (1), 127–152.
Fama, E. F., French, K. R., 1993. Common risk factors in the returns on
stocks and bonds. Journal of Financial Economics 33 (1), 3–56.
21
Fama, E. F., French, K. R., 2015. A ﬁve-factor asset pricing model. Journal
of Financial Economics 116 (1), 1–22.
Fama, E. F., MacBeth, J. D., 1973. Risk, return, and equilibrium: Empirical
tests. The Journal of Political Economy, 607–636.
Florackis, C., Gregoriou, A., Kostakis, A., 2011. Trading frequency and
asset pricing on the london stock exchange: Evidence from a new price
impact ratio. Journal of Banking and Finance 35 (12), 3335–3350.
Foran, J., Hutchinson, M. C., O’Sullivan, N., 2014. The asset pricing eﬀects
of uk market liquidity shocks: Evidence from tick data. International
Review of Financial Analysis 32, 85–94.
Gibbons, M. R., 1982. Multivariate tests of ﬁnancial models: A new ap-
proach. Journal of Financial Economics 10 (1), 3–27.
Goyenko, R. Y., Holden, C. W., Trzcinka, C. A., 2009. Do liquidity measures
measure liquidity? Journal of Financial Economics 92 (2), 153–181.
Hagstro¨mer, B., Hansson, B., Nilsson, B., 2011. Conditional asset pricing
with liquidity risk: The illiquidity premium. In: Working Paper.
Hansen, L. P., Jagannathan, R., 1997. Assessing speciﬁcation errors in
stochastic discount factor models. The Journal of Finance 52 (2), 557–
590.
Hardie, I., Maxﬁeld, S., 2010. What does the global ﬁnancial crisis tell us
about anglo-saxon ﬁnancial capitalism? In: Workshop on the Finan-
cial Crisis, EMU and the Stability of Currencies and the ﬁnancial
System, University of Victoria.
Hasbrouck, J., 2002. Trading costs and returns for us equities: The evidence
from daily data. NYU Stern School Department of Finance Working
Paper.
Huang, R. D., Stoll, H. R., 2001. Tick size, bid-ask spreads, and market
structure. Journal of Financial and Quantitative Analysis 36 (4), 503–
522.
Hyde, S., Sherif, M., 2005. Consumption asset pricing models: Evidence
from the uk. The Manchester School 73 (3), 343–363.
Jegadeesh, N., Titman, S., 1993. Returns to buying winners and selling
losers: Implications for stock market eﬃciency. The Journal of Finance
48 (1), 65–91.
Kim, S.-H., Lee, K.-H., 2014. Pricing of liquidity risks: Evidence from mul-
tiple liquidity measures. Journal of Empirical Finance 25, 112–133.
Korajczyk, R. A., Sadka, R., 2008. Pricing the commonality across alter-
native measures of liquidity. Journal of Financial Economics 87 (1),
45–72.
Lee, K.-H., 2011. The world price of liquidity risk. Journal of Financial
22
Economics 99 (1), 136–161.
Lesmond, D. A., 2005. Liquidity of emerging markets. Journal of Financial
Economics 77 (2), 411–452.
Lesmond, D. A., Ogden, J. P., Trzcinka, C. A., 1999. A new estimate of
transaction costs. Review of Financial Studies 12 (5), 1113–1141.
Lesmond, D. A., Schill, M. J., Zhou, C., 2004. The illusory nature of mo-
mentum proﬁts. Journal of Financial Economics 71 (2), 349–380.
Lillo, F., Farmer, J. D., Mantegna, R. N., 2002. Single curve collapse of
the price impact function for the new york stock exchange. Tech. rep.,
arXiv. org.
Liu, W., 2006. A liquidity-augmented capital asset pricing model. Journal
of Financial Economics 82 (3), 631–671.
Liu, W., 2009. Liquidity and asset pricing: Evidence from daily data over
1926 to 2005. Nottingham University Business School Research Pa-
per (2009-03).
Roll, R., 1984. A simple implicit measure of the eﬀective bid-ask spread in
an eﬃcient market. The Journal of Finance 39 (4), 1127–1139.
Sharpe, W. F., 1964. Capital asset prices: A theory of market equilibrium
under conditions of risk*. The Journal of Finance 19 (3), 425–442.
Stambaugh, R. F., 1982. On the exclusion of assets from tests of the two-
parameter model: A sensitivity analysis. Journal of Financial Eco-
nomics 10 (3), 237–268.
Stambaugh, R. F., 2003. Liquidity risk and expected stock returns. Journal
of Political Economy 111 (3).
Summers, L. H., 1991. The scientiﬁc illusion in empirical macroeconomics.
The Scandinavian Journal of Economics, 129–148.
23
T
a
b
le
1
:
Su
m
m
ar
y
St
at
is
ti
cs
of
A
ve
ra
ge
Il
liq
ui
di
ty
by
Si
ze
P
or
tf
ol
io
s
P
or
tf
ol
io
R
et
ur
n
R
V
P
S
Z
R
L
M
12
R
O
C
S
E
T
M
ar
ke
tC
ap
B
T
M
V
St
.D
ev
.
sm
al
l
2.
09
39
4.
62
09
0.
11
18
0.
00
19
0.
13
32
0.
03
06
-0
.0
73
2
0.
00
42
16
44
.0
01
7
1.
16
86
6.
01
09
2
1.
48
66
1.
36
53
0.
02
04
0.
00
13
0.
11
27
0.
02
68
-0
.0
62
4
0.
00
30
31
45
.8
23
5
1.
07
00
5.
50
25
3
1.
31
34
0.
93
89
-0
.0
06
3
0.
00
12
0.
12
07
0.
02
82
-0
.0
62
7
0.
00
24
47
31
.2
06
1
0.
88
46
5.
43
83
4
1.
21
93
0.
59
84
0.
10
49
0.
00
09
0.
11
16
0.
02
99
-0
.0
62
3
0.
00
18
69
70
.9
69
1
0.
87
48
5.
46
23
5
1.
21
57
0.
36
19
0.
00
38
0.
00
09
0.
13
78
0.
02
85
-0
.0
62
0
0.
00
15
10
57
0.
08
83
0.
79
35
5.
20
49
6
1.
15
45
0.
16
67
0.
00
32
0.
00
08
0.
14
03
0.
03
04
-0
.0
67
1
0.
00
13
15
68
0.
00
39
0.
74
93
5.
19
54
7
0.
88
96
0.
08
32
0.
00
12
0.
00
06
0.
10
39
0.
03
25
-0
.0
70
7
0.
00
12
24
41
6.
12
04
0.
67
75
5.
58
19
8
1.
02
52
0.
04
23
0.
00
72
0.
00
06
0.
11
54
0.
03
53
-0
.0
79
2
0.
00
08
42
96
5.
32
13
0.
64
16
5.
53
32
9
0.
96
50
0.
00
58
0.
00
00
0.
00
05
0.
10
36
0.
03
74
-0
.0
88
9
0.
00
05
10
19
28
.4
86
5
0.
53
94
5.
20
35
la
rg
e
0.
92
22
0.
00
12
0.
00
00
0.
00
03
0.
07
83
0.
03
63
-0
.0
89
6
0.
00
03
78
16
16
.5
53
0
0.
43
98
4.
82
51
N
o
te
:
T
h
is
ta
b
le
p
re
se
n
ts
th
e
a
v
er
a
g
e
m
o
n
th
ly
p
e
rc
e
n
ta
g
e
re
tu
rn
s
a
n
d
il
li
q
u
id
it
y
m
e
a
su
re
s
fo
r
1
0
eq
u
a
ll
y
-w
e
ig
h
te
d
si
ze
U
K
p
o
rt
fo
li
o
s.
P
o
rt
fo
li
o
’s
si
ze
is
re
ca
lc
u
la
te
d
e
a
ch
y
ea
r
b
a
se
d
o
n
m
a
rk
et
v
a
lu
e
o
f
sh
a
re
s
a
t
th
e
en
d
o
f
th
e
p
re
v
io
u
s
y
e
a
r.
T
h
e
il
li
q
u
id
it
y
p
ro
x
ie
s
a
re
A
m
ih
u
d
’s
il
li
q
u
id
it
y
(R
V
),
P
a
st
o
r
a
n
d
S
ta
m
b
a
u
g
h
’s
m
e
a
su
re
(P
S
),
ze
ro
re
tu
rn
(Z
R
),
L
iu
’s
m
e
a
su
re
(L
M
1
2
),
R
o
ll
’s
m
e
a
su
re
(R
O
),
th
e
sp
re
a
d
m
e
a
su
re
o
f
C
o
rw
in
a
n
d
S
ch
u
lt
z
(C
S
)
a
n
d
eﬀ
e
ct
iv
e
ti
ck
(E
T
).
M
a
rk
e
t
ca
p
is
th
e
m
a
rk
e
t
ca
p
it
a
li
za
ti
o
n
a
t
th
e
e
n
d
o
f
th
e
p
re
v
io
u
s
y
ea
r;
B
T
M
V
is
th
e
b
o
o
k
to
m
a
rk
e
t
ra
ti
o
;
a
n
d
S
t.
D
e
v
.
is
th
e
st
a
n
d
a
rd
d
e
v
ia
ti
o
n
o
f
p
o
rt
fo
li
o
re
tu
rn
in
th
e
sa
m
p
le
p
e
ri
o
d
.
24
T
a
b
le
2
:
P
ea
rs
on
C
or
re
la
ti
on
of
Il
liq
ui
di
ty
P
ro
xi
es
R
V
Z
R
R
O
P
S
L
M
C
S
E
T
R
V
1
Z
R
0
.0
6
0
1
R
O
0
.3
5
6
*
*
*
-0
.0
4
8
1
P
S
0
.0
4
2
0
.0
8
2
-0
.0
2
5
1
L
M
0
.0
9
7
0
.2
4
2
*
*
*
0
.0
6
4
0
.0
4
7
1
C
S
-0
.3
2
9
*
*
*
0
.0
9
3
-0
.9
3
7
*
*
*
0
.0
3
7
0
.0
5
2
1
E
T
0
.1
1
3
*
0
.1
9
6
*
*
*
-0
.3
8
0
*
*
*
0
.1
1
7
*
0
.1
7
0
*
*
*
0
.2
9
7
*
*
*
1
N
o
te
:
S
e
e
ta
b
le
1
fo
r
il
li
q
u
id
it
y
a
b
b
re
v
ia
ti
o
n
s.
T
h
is
ta
b
le
p
re
se
n
ts
th
e
co
rr
e
la
ti
o
n
b
et
w
e
e
n
p
ro
x
ie
s
fo
r
m
a
rk
et
a
g
g
re
g
a
te
il
li
q
u
id
it
y
m
e
a
su
re
d
b
y
th
e
e
q
u
a
ll
y
-w
e
ig
h
te
d
a
v
er
a
g
e
o
f
st
o
ck
il
li
q
u
id
it
y.
*
,
*
*
,
a
n
d
*
*
*
d
e
n
o
te
si
g
n
iﬁ
ca
n
ce
a
t
th
e
1
0
%
,
5
%
,
a
n
d
1
%
le
v
e
l
re
sp
e
ct
iv
el
y.
25
T
a
b
le
3
:
Il
liq
ui
d
P
or
tf
ol
io
P
er
fo
rm
an
ce
s
D
ec
il
e
p
o
rt
fo
li
o
s
P
1
P
2
P
3
P
4
P
5
P
6
P
7
P
8
P
9
P
1
0
P
1
0
-P
1
t-
te
st
E
W
R
e
tu
r
n
s
(%
p
.a
.)
1
.0
5
5
-0
.0
3
4
-0
.2
3
3
-2
.1
4
6
-1
.8
7
2
8
.4
8
7
8
.0
4
0
9
.8
4
8
9
.9
0
7
1
7
.1
2
2
1
6
.0
6
7
2
.8
9
6
V
W
R
e
tu
r
n
s
(%
p
.a
.)
1
5
.2
6
3
7
.4
0
5
2
8
.9
7
9
1
9
.8
6
6
4
.4
3
4
9
.8
9
1
4
.3
6
5
6
.2
6
1
4
.3
8
0
9
.7
1
4
-5
.5
4
9
-0
.5
9
8
IL
L
IQ
R
a
ti
o
-0
.5
2
0
-0
.3
3
7
-0
.1
7
4
-0
.0
2
5
0
.0
9
6
0
.3
1
6
0
.6
2
9
0
.9
3
2
1
.2
4
4
1
.9
8
7
2
.5
0
7
1
7
.3
1
3
M
V
(£
m
)*
6
4
6
5
7
.9
3
6
2
8
7
5
.0
7
6
8
1
3
5
.2
5
3
4
7
3
9
.2
1
4
0
8
8
6
.8
3
8
2
5
5
0
.3
6
9
0
8
4
8
.2
5
9
2
8
1
3
.5
8
9
1
6
4
6
.3
2
7
0
1
9
8
.9
9
5
5
4
1
.0
6
4
0
.8
9
B
T
M
V
0
.3
9
8
0
.2
9
4
0
.2
5
4
0
.1
5
5
0
.1
9
3
0
.6
1
7
0
.7
3
1
0
.7
1
2
0
.7
0
2
0
.6
8
4
0
.2
8
6
9
.0
1
7
β
C
A
P
M
0
.8
5
6
0
.6
6
4
0
.6
3
0
0
.7
2
1
1
.0
1
0
0
.9
8
7
1
.0
2
0
1
.0
3
3
1
.0
6
0
1
.1
4
4
0
.2
8
7
8
.9
3
3
N
o
te
:.
P
1
is
th
e
d
e
ci
le
p
o
rt
fo
li
o
w
h
ic
h
h
a
s
st
o
ck
s
w
it
h
th
e
lo
w
e
st
il
li
q
u
id
it
y
ra
ti
o
w
h
e
re
a
s
P
1
0
h
a
s
th
e
st
o
ck
s
w
it
h
th
e
h
ig
h
e
st
il
li
q
u
id
it
y
ra
ti
o
.
P
1
0
-P
1
is
th
e
sp
re
a
d
b
et
w
ee
n
P
1
0
a
n
d
P
1
.
E
W
re
tu
rn
s
a
re
th
e
a
n
n
u
a
li
ze
d
a
v
e
ra
g
e
m
o
n
th
ly
re
tu
rn
s
o
f
eq
u
a
l
w
ei
g
h
te
d
p
o
rt
fo
li
o
s
a
n
d
V
W
re
tu
rn
s
a
cc
o
u
n
t
fo
r
th
e
a
n
n
u
a
li
ze
d
m
o
n
th
ly
re
tu
rn
s
o
f
v
a
lu
e
w
e
ig
h
te
d
p
o
rt
fo
li
o
s.
M
V
is
th
e
a
v
er
a
g
e
m
a
rk
e
t
v
a
lu
e
o
f
st
o
ck
s
in
ea
ch
o
f
th
e
p
o
rt
fo
li
o
s
in
m
il
li
o
n
s
m
e
a
su
re
d
a
s
th
e
a
v
e
ra
g
e
o
f
th
e
sh
a
re
p
ri
ce
ti
m
e
s
th
e
n
u
m
b
e
r
o
f
sh
a
re
s
o
u
ts
ta
n
d
in
g
.
B
T
M
V
is
th
e
a
v
er
a
g
e
ra
ti
o
o
f
th
e
b
o
o
k
v
a
lu
e
o
f
sh
a
re
s
d
iv
id
e
d
b
y
th
e
m
a
rk
e
t
v
a
lu
e
in
ea
ch
p
o
rt
fo
li
o
.
β
C
A
P
M
is
th
e
a
v
er
a
g
e
st
o
ck
b
e
ta
in
ea
ch
p
o
rt
fo
li
o
u
si
n
g
a
3
6
-m
o
n
th
sl
id
in
g
w
in
d
o
w
.
T
h
e
t-
te
st
in
th
e
la
st
co
lu
m
n
is
th
e
n
u
ll
h
y
p
o
th
e
si
s
th
a
t
th
e
m
e
a
n
s
a
re
th
e
sa
m
e
b
et
w
e
e
n
P
1
0
a
n
d
P
1
.
26
T
a
b
le
4
:
A
lp
ha
s
E
st
im
at
es
of
V
al
ue
an
d
E
qu
al
ly
-W
ei
gh
te
d
Il
liq
ui
d
P
or
tf
ol
io
s
D
ec
il
e
p
o
rt
fo
li
o
s
P
1
P
2
P
3
P
4
P
5
P
6
P
7
P
8
P
9
P
1
0
χ
2
P
a
n
e
l
A
:P
C
A
V
a
lu
e
-W
e
ig
h
t
e
d
P
o
r
t
fo
li
o
s
α
C
A
P
M
(%
p
.a
.)
1
1
.4
0
0
4
.5
6
4
2
5
.8
8
8
1
6
.3
6
0
0
.8
5
7
6
.0
0
9
0
.5
9
9
2
.1
3
8
0
.3
3
7
4
.9
3
1
7
.1
8
2
(1
.8
3
9
)
(0
.4
7
2
)
(2
.4
8
0
)
(2
.4
7
1
)
(0
.1
0
1
)
(2
.4
3
1
)
(0
.2
6
1
)
(0
.8
7
9
)
(0
.1
7
7
)
(1
.8
4
8
)
(0
.0
0
7
)
α
F
F
(%
p
.a
.)
5
.4
0
9
-2
.6
5
8
2
1
.1
0
6
1
1
.5
7
8
-1
.9
1
8
6
.4
5
0
0
.2
5
7
2
.3
4
5
-0
.1
0
9
3
.4
9
6
4
.5
2
6
(0
.9
0
1
)
(-
0
.3
5
8
)
(1
.9
4
9
)
(2
.0
4
1
)
(-
0
.2
3
8
)
(2
.4
5
3
)
(0
.1
0
7
)
(1
.0
3
9
)
(-
0
.0
5
3
)
(1
.2
5
4
)
(0
.0
3
3
)
α
C
a
r
h
a
r
t
(%
p
.a
.)
4
.5
7
5
-5
.1
1
5
1
8
.7
4
9
9
.9
2
7
-2
.6
5
2
6
.6
9
2
0
.4
6
1
3
.4
4
3
0
.4
6
4
5
.4
0
7
3
.9
9
3
(0
.7
6
6
)
(-
0
.7
6
5
)
(1
.6
8
9
)
(1
.7
4
5
)
(-
0
.3
3
2
)
(2
.2
1
8
)
(0
.1
7
9
)
(1
.3
2
2
)
(0
.2
2
0
)
(1
.9
8
7
)
(0
.0
4
6
)
P
a
n
e
l
B
:P
C
A
E
q
u
a
ll
y
-W
e
ig
h
t
e
d
P
o
r
t
fo
li
o
s
α
C
A
P
M
(%
p
.a
.)
-0
.9
6
0
-2
.4
0
9
-1
.6
9
5
-2
.9
0
5
-3
.5
2
7
4
.7
8
6
4
.1
1
4
5
.7
4
8
5
.7
6
1
1
2
.4
0
8
1
.3
7
2
(-
0
.3
4
4
)
(-
0
.7
8
7
)
(-
0
.6
8
4
)
(-
2
.1
1
5
)
(-
1
.9
3
5
)
(2
.2
1
0
)
(1
.7
7
6
)
(2
.7
4
4
)
(2
.5
1
5
)
(3
.6
7
7
)
(0
.2
4
1
)
α
F
F
(%
p
.a
.)
-2
.8
8
3
-4
.3
3
7
-2
.9
0
1
-3
.4
7
1
-5
.2
7
6
1
.7
2
7
0
.4
2
4
2
.0
4
6
1
.7
7
2
6
.7
0
3
0
.3
9
3
(-
1
.0
7
8
)
(-
1
.4
2
5
)
(-
1
.1
3
8
)
(-
2
.5
6
4
)
(-
2
.9
4
5
)
(1
.0
7
6
)
(0
.3
7
4
)
(1
.7
3
4
)
(1
.4
8
7
)
(3
.4
0
5
)
(0
.5
3
1
)
α
C
a
r
h
a
r
t
(%
p
.a
.)
-1
.7
6
1
-3
.0
7
1
-2
.2
8
2
-3
.5
1
1
-4
.0
8
0
2
.1
1
0
0
.3
3
1
2
.4
8
3
2
.0
7
7
8
.4
8
0
0
.0
0
1
(-
0
.7
1
0
)
(-
1
.0
9
5
)
(-
0
.9
4
0
)
(-
2
.5
2
8
)
(-
2
.3
7
0
)
(1
.3
1
2
)
(0
.2
7
1
)
(2
.0
5
3
)
(1
.6
5
5
)
(4
.3
3
3
)
(0
.9
8
6
)
N
o
te
:
P
1
is
th
e
d
ec
il
e
p
o
rt
fo
li
o
o
f
st
o
ck
s
w
it
h
th
e
lo
w
es
t
il
li
q
u
id
it
y
ra
ti
o
s;
P
1
0
is
th
e
p
o
rt
fo
li
o
o
f
st
o
ck
s
w
it
h
th
e
h
ig
h
e
st
il
li
q
u
id
it
y
ra
ti
o
s.
α
is
th
e
a
n
n
u
a
li
ze
d
a
lp
h
a
e
st
im
a
te
d
u
si
n
g
th
e
C
A
P
M
,
F
a
m
a
-F
re
n
ch
th
re
e
-f
a
ct
o
r
a
n
d
C
a
rh
a
rt
fo
u
r-
fa
ct
o
r
m
o
d
e
ls
.
T
-s
ta
ti
st
ic
s
a
re
re
p
o
rt
e
d
in
p
a
re
n
th
e
se
s.
T
h
e
la
st
co
lu
m
n
p
re
se
n
ts
th
e
χ
2
st
a
ti
st
ic
o
f
th
e
W
a
ld
te
st
.
T
h
e
n
u
ll
h
y
p
o
th
e
si
s
is
th
a
t
th
e
a
lp
h
a
s
o
f
th
e
te
n
p
o
rt
fo
li
o
s
a
re
jo
in
tl
y
eq
u
a
l
to
ze
ro
.
T
h
e
p
-v
a
lu
e
s
a
re
re
p
o
rt
ed
in
th
e
p
a
re
n
th
es
es
.
27
Table 5: Fama/MacBeth Estimates and Hansen-Jagannathan Distance
λ0 λmkt λsmb λhml λmom λL R
2 ΔR2
Panel A: PCA Unrestricted Model
CAPMILLIQ -0.434 1.363 5.758 0.945 0.041
(-2.729) (4.338) (3.015)
FFILLIQ -0.354 0.968 0.316 2.025 5.196 0.953 0.021
(-2.622) (1.434) (0.267) (1.608) (1.976)
CARHARTILLIQ -0.131 2.077 -2.155 3.094 -5.263 10.455 0.977 0.035
(-0.916) (1.948) (-1.018) (2.716) (-2.492) (1.077)
Panel B: PCA Restricted Model λ = 0
CAPMILLIQ -0.927 9.338
(-3.034) (4.678)
FFILLIQ 1.406 -0.1.168 2.739 10.973
(1.968) (-0.900) (2.336) (3.491)
CARHARTILLIQ 2.469 -3.149 3.368 -6.031 13.178
(2.603) (-1.759) (2.929) (-3.358) (1.537)
Panel C: Hansen-Jagannathan Distance
CAPM CAPM ILLIQ FF FF ILLIQ Carhart Carhart ILLIQ
δ 0.304 0.198 0.33 0.177 0.407 0.581
Note: λi is the mean of risk premium coeﬃcients λi using Fama and MacBeth (1973) method. The monthly
cross-sectional regressions of ten equally-weighted portfolio return premiums are estimated using the risk factors of
Fama and MacBeth (1973). ILLIQ is illiquidity factor of the CAPMs models. Panel A and B report systematic
illiquidity factor augmented asset pricing models. T-statistics are reported in parentheses. The last column reports
the increase in R-squared coeﬃcient due to the addition of the illiquidity factor. Panel C reports the Hansen-
Jagannathan distance. δ measures the distance error.
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Table 6: Robustness Tests on Illiquidity Without RO
λ0 λmkt λsmb λhml λmom λL R
2 ΔR2
Panel A: PCA Unrestricted Model
CAPMILLIQ -0.357 0.818 6.423 0.957 0.071
(-2.090) (2.291) (4.057)
FFILLIQ -0.138 -0.565 2.27 2.365 7.331 0.977 0.075
(-0.69) (-0.806) (2.656) (2.445) (3.677)
CARHARTILLIQ -0.119 -0.414 2.052 2.059 -2.098 5.657 0.972 0.042
(-0.576) (-0.583) (2.506) (2.266) (-1.918) (1.003)
Panel B: PCA Restricted Model λ = 0
λ0 λmkt λsmb λhml λmom λL
CAPMILLIQ 0.173 9.742
(0.493) (4.922)
FFILLIQ -1.135 2.953 2.815 8.155
(-1.656) (3.347) (3.382) (3.372)
CARHARTILLIQ -0.859 2.572 2.412 -1.803 6.303
(-1.232) (3.061) (3.127) (-1.611) (0.750)
Panel C: Hansen-Jagannathan Distance
CAPM CAPM ILLIQ FF FF ILLIQ Carhart Carhart ILLIQ
δ 0.142 0.139 0.604 0.073 0.619 0.168
Note: This table reports the robustness test results of both parametric and non-parametric estimations. The
illiquidity factor is constructed without RO proxy proposed by Roll (1984).
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?Figure 1: Innovations of Illiquidity Measures
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Figure 3: Fit of Illiquidity-augmented CAPM, Fama-French and Carhart
Model
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Figure 4: Hansen-Jagannathan Bound of Capital Asset Pricing Models
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